Abstract: Today, organisations have focused on improving their supply chain performance to achieve sustainable profit and proceed in volatile markets. The nature of today's volatile markets imposes parametric uncertainty to optimisation problems particularly in strategic decision making problems such as supply chain network design (SCND) problem. Two-stage stochastic programming (TSSP) and robust stochastic programming (RSP) approaches are widely used to deal with the uncertainty of optimisation problems. In this paper, the performance of these two approaches in a SCND problem is evaluated through conducting a case study in Iran and performing realisation process. The main objectives of this study are optimising three stage SCND problems under uncertainty and evaluating the performance of TSSP and RSP methods in optimising SCND problem under uncertainty. The results show that the RSP method leads to more robust solution than TSSP method. Also, the RSP method has more degree of flexibility to deal with the uncertainty according to DM preferences.
Introduction
In the last decade, due to emerging new technologies, information technologies, and volatile and competitive markets, supply chain management (SCM) is essential. Efficient SCM helps to elaborate efficient strategic and operational planning and achieve sustainable profit. The most task of SCM is integration of different members of the supply chain and coordination of material, information, and financial flows along the supply chain (Stadler and Kilger, 2005) . According to the supply chain planning matrix of Stadler and Kilger (2005) integration of raw material suppliers, production centres and distribution centres is categorised as horizontal integration while integration of tactical and/or operational inventory levels when addressing strategic level decision is referred to as vertical integration. One of the most important decisions in SCM is related to determining the numbers, locations and capacities of facilities and the amount of shipments between them within the supply chain structure which is known as supply chain network design (SCND) problem. A supply chain network (SCN) is a network including supplier, production, distribution centres and costumers that creates connections between facilities as the edges of the network with the aim of acquiring raw materials and delivering final products to customers . In a SCND problem, usually there are continuous and integer variable decisions which lead to mixed-integer linear programming (MILP) formulation (Amiri, 2006) . From the computational point of view, this problem is categorised in NP-hard class (Gen et al., 2006) . Strategic decisions in a SCND problem are related to determining the numbers and locations of facilities in different echelons. Also, tactical decisions are related to determining the optimal material flow between different echelons of the supply chain network (Pishvaee et al., 2009 ). The main aim of integration of strategic and tactical decisions in a SCND problem is to avoid achieving sub-optimal solutions for strategic decisions .
Due to strategic nature of SCND problem, uncertainty of parameters is integral part of this problem. Uncertainty of the supply chain covers all echelons of the supply chain from suppliers to end customers. Uncertainty in a SCND problem is classified into two categories: operational or internal uncertainty and disruption or external uncertainty. Operational uncertainty is related to those uncertain factors which occur due to internal factors in supply chain because of improper coordination between entities in various echelons such as uncertainty of production, distribution, supply and demand. In contrast with operational uncertainty, disruption uncertainty is resulted because of external uncertain factors which occur due to interaction between supply chain and environment, such as natural disasters, exchange rate fluctuations and terrorist attacks (Singh et al., 2012) . In this study, operational uncertainty of the SCND problem is addressed.
In this paper, firstly a MILP formulation of the SCND problem is presented for a medium-density fibreboard (MDF) boards supply chain in Iran. The considered supply chain network includes three echelons:
• plants
• distribution centres (DCs)
• customers.
Then, the two-stage stochastic programming (TSSP) and the robust stochastic programming (RSP) methods are developed to deal with the uncertainty of the MDF SCND problem. The performance of these two methods is evaluated through realisation process. The main contributions of this paper include:
• developing a three stage SCND model
• conducting a real case study MDF boards industry
• evaluating the performances of RSP and TSSP methods for the proposed SCND model under uncertainty.
The rest of this paper is arranged as follows. In the next section, the recent studies are reviewed. In Section 3, the deterministic mathematical formulation of the problem is presented. In Section 4, the general forms of the TSSP and RSP methods are described. In Section 5, the TSSP and RSP methods are applied in the MDF SCND problem and their performances are evaluated through realisation process. In Section 6, conclusion and future research directions are presented.
Literature review
At the following the recent literature in this area is surveyed. We mainly focus on the studies covering uncertainty issue is supply chain planning. It should be noted that most of works in the literature addressing the uncertainty issue using stochastic programming have elaborated discrete scenarios to model uncertainty of parameters. In this regards, computational complexity of the resulted model is intensely increased through increasing the number of scenarios. In this case, scenario reduction techniques such as Monte Carlo sampling and sample average approximation (SAA) method (Mirzapour Al-e-hashem et al., 2013) or fuzzy clustering-based method (Pishvaee et al., 2008) are applied to reduce the computational complexity of the problem. Govindan et al. (2017) presented a comprehensive review covering the studies addressing SCND and reverse logistics network design problems under uncertainty and demonstrated some efficient future research directions. Also, different approaches to dealing with different kinds of uncertainty such as stochastic programming methods, fuzzy mathematical programming approaches and robust optimisation methods are reviewed. Badhotiya et al. (2016) reviewed the papers published in the field of green supply chain management. They proposed a conceptual framework for revamping a green supply chain in to a traditional supply chain. Also, a framework is presented to understand the implementation of environmental conscious measures into supply chain management.
Babazadeh and Razmi (2012) developed a MILP model for agile SCND problem under risk. They used RSP method to deal with the operational and disruption risk in SCND problem. presented a method based on conditional value at risk approach to deal with the uncertainty of forward-reverse SCND problem. They used realisation process to show the superiority of the employed approach respect to deterministic model. Babazadeh et al. (2015) investigated scenario-based robust optimisation methods in designing reverse logistics network design problem. Pishvaee et al. (2009) used the TSSP method to confront the uncertainty of parameters in a forward-reverse SCND problem. They mentioned that neglecting the uncertainty issue in SCND problems would impose infeasibility and high costs to the supply chain. Mirzapour Al-e-hashem et al. (2013) presented a scenario based stochastic programming approach to deal with the uncertainty of a multi-period multi-product multi-site aggregate production planning problem in a green supply chain. Their proposed model is first a nonlinear mixed integer programming which is converted into a linear one by applying numerical techniques. Pan and Nagi (2010) developed the RSP method for agile SCND problem. They proposed a heuristic solution method based on a k-shortest path algorithm to solve the problem. Ramezani et al. (2013) presented a stochastic multi-objective model to design an integrated forward-reverse logistics under uncertainty of demands, returns and operational costs. The objective is to maximise the total profits, responsiveness, and to minimise the number of defected raw material obtained from suppliers to improve quality. They used ε-constraint method to solve the multi-objective model. Samizadeh et al. (2017) presented a bi-level model to optimise strategic decisions in a SCND problem and tactical decisions in an assembly line balancing problem. The SCND problem is optimised at upper level, then the assembly line balancing problem is considered at lower level. Their considered model included three layers: factories, assembly lines and customers. Ghosh and Mondal (2017) developed a model to optimise integrated production-distribution planning in a two-echelon supply chain network. In their model lateral trans-shipment among the warehouse is considered. They utilised a genetic algorithm to solve the proposed model. Ali and Nakade (2016) studied the coordination of a two layer supply chain system including supplier and retailer. They employed revenue sharing contracts in the context of supply chain disruptions management to coordinate the supply chain. Tang and Musa (2011) classified the uncertainty of the supply chain management into three categories: 1 material flow uncertainty including the uncertain factors related to sourcing, making, delivering, logistics and etc.
2 financial flow uncertainty including the uncertain factors concerned with exchange rate, price and cost, financial strength of supply chain partners 3 information flow uncertainty including the uncertain factors related to information accuracy and information system security and disruption.
Regarding this classification, this paper considers the uncertain factors concerned with material and financial flow of the supply chain.
To the best of our knowledge, there is no research paper in the literature evaluating the performance of TSSP and RSP methods is SCND problem under uncertainty.
The proposed deterministic mathematical model
One of the most used approaches for determining the optimal number of facilities among different candidates is mathematical programming. Unlike real world assumptions, it is usually assumed that the parameters of the SCND problem are known and deterministic. In this section the deterministic mathematical model of the case study is developed. In the studied case, the location of the plants is known but one should decide on the location of the distribution centres as a strategic level decision (DCs). Also, optimum material flow among different facilities of the supply chain should be determined as a tactical level decision. Figure 1 illustrates the structure of supply chain network of the MDF boards. Using the abovementioned notations, the proposed SCND model can be formulated as follows:
Equation (1) is the objective function and it is about to minimise the summation of opening costs, transportation costs and shortage penalty cost. Equation (2) is denoting that the customers demand either is satisfied or faced shortage. Equation (3) is the material flow equilibrium constraint in the DCs. Equations (4) and (5) are production and distribution limiting capacities in plants and DCs, respectively. Finally, equation (6) is the non-negativity and binary restrictions of variables. The SCND problem attempts to integrate and merge the decisions in strategic level, tactical level and operational level in order to supply properly the raw material and after the production process by applying suitable transportation methods deliver the finished goods to the final consumer. Facilities in the supply chain are referred to suppliers, plants, DCs, retailers and etc. Strategic decisions are usually time consuming and expensive decisions that have long-term effects on the supply chain performance. Integrating strategic decisions of the SCND problem with tactical decisions like inventory management or with operational decisions like routing decisions can prevent the creation of sun-optimal solutions. It should be noted that integrating operational, tactical and strategic levels decisions in a SCND problem lead to a very complex model which is out of this paper's scope.
The main parameters of the proposed model such as fixed opening costs, production and transportation costs, and demand of customers are really uncertain parameters. However, without loss of generality we assume that only the demand of customers is subject to uncertainty. It should be noted that since the aim of this paper is to investigate the performance of two TSSP and RSP methods in SCND problem, due to simplicity we neglect the uncertainty of cost parameters.
Generally, there are two stage decisions in SCND problem under uncertainty. In the first stage, the decision making is taken into account about the decisions that are independent from scenario realisation and cannot be changed under scenario realisation. These decisions are called 'here and now' decisions and usually consist of strategic decisions such as determining the location of facilities and their capacities in the SCND problem. In contrast, the second stage decisions are related to determine the decisions that change with scenario realisation. These decisions could be done in the short run compared to the first stage decisions such as material flow between the facilities of the supply chain network and called 'wait and see' decisions.
General forms of TSSP and RSP methods

The TSSP method
To work more conveniently we firstly present the compact form of the SCND problem which is a MILP model, as model (7). Where c and f are the objective function coefficients, A and T are technology matrixes and b is the amount of the right side of the constraints.
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In model (7), suppose that b and c parameters are subject to scenario based uncertainty. Furthermore, suppose y to be the decision variable of the first stage and x to be the decision variable of the second stage. Therefore, y is scenario independent and x is scenario dependent variables.
Suppose Ω to be the set of scenarios with uncertain parameters and θ to be a scenario of that set, the deterministic MILP model under each scenario θ could be presented as follows:
. . 
the model (8) is a deterministic model for a given scenario θ. By this model, the number of solutions is equal to number of scenarios. However, model (8) could not be used for optimisation purposes under uncertainty, since we need one optimal solution for all scenarios. To achieve this goal, the expected value of scenarios is considered in the objective function of the model (8). Suppose π θ denote the occurrence probability of the scenario θ. On the other hand, is known and limited and the expected value can be defined on the summation on and this can convert the uncertain model to a deterministic one as follows (Birge and Louveaux, 1997) : 
Model (9) is a TSSP model in which the objective function pursues the minimisation of the expected value of the scenarios while constraints are written independently for each scenario. The main idea of developing model (9) is to determine the decision variables of the first stage (y). In other words, optimal decisions for the first stage are made based on the average performance of the model, so the present solutions are promised to be feasible in case of realisation any possible scenario and decisions of the second stage are made after the realisation of the possible scenarios. This approach has become popular and widely used in the literature because of its simplicity and convenience. But the drastic increase in the number of scenarios in order to define an uncertain problem causes a severe increase in the computational complexity. In some conditions, decision makers do not have to determine their decisions based on all defined scenarios but rather they can determine their decisions based on a certain level of satisfaction of scenarios. For instance, decision maker may intend to satisfy the 90 present of the scenarios. It is obvious, in this example the model will remove the impact of the 10 present of worst case scenarios. For this application of stochastic programming, chance-constraint programming is developed. In fact, this approach is a realistic approach, for more see Synder and Daskin (2007) . According to the above mentioned explanations, the TSSP model for the considered MDF SCND under uncertainty could be developed as follows. The following sets, parameters and variables are added to the model. 
The solution obtained from this model is feasible for all scenarios but there is no reason to be the optimal one for each of the scenarios. The TSSP model is indifferent to the risk of the changes in various scenarios in comparison to the average performance of the scenarios. As discussed earlier, this shortcoming is improved in the RSP model. Another realistic approach is the RSP method which is an extension form of TSSP approach will be discussed at the following.
The RSP method
Robust optimisation was introduced by Mulvey et al. (1995) and it is one the most popular approaches dealing with uncertainty which is able to produce a set of robust and insensitive solutions against the variations of the scenarios. As mentioned earlier, this approach is considered to be a realistic approach in dealing with uncertainties. In other words, by changes in the scenarios the value of the objective function won't altered significantly. Robust optimisation approach is developed to achieve a balance between solutions robustness and model robustness. The optimal solution is called robust against optimality if the optimal solutions for each scenario are close to each other which is called solution robustness. Furthermore, the optimal solution is called robust against feasibility if the optimal solutions for each scenario are almost feasible which is called model robustness. It should be noted that usually in mathematical programming models, the measure of non-feasibility of the model is quantified by the penalty function. This penalty is added to the objective function for the unsatisfied constraints like unmet demands. In RSP approach, there are two major decision variables; design variables and control variables. Design variables are those that are determined before realisation of the scenarios so they are independent from scenarios, while control variables are those which are determined by the realisation of the scenarios so they are dependent on the scenarios. It is worth noting that RSP approach has all the advantages of the TSSP method in addition to sensitivity to the risk of realisation of scenarios, while the TSSP approach is insensitive to the risks of the scenarios.
To model the RSP method, Mulvey et al. (1995) incorporated the variance of the scenarios in the objective function which resulted to a nonlinear programming model. Later, Yu and Li (2000) referred to the difficulties of solving nonlinear models and altered the variance of the model to the form of absolute value and linearised the recent form by introducing two extra variables. Although their approach decreases the complexity of the RSP models, a more efficient method was proposed by Leung et al. (2007) . Their approach only needs one extra variable to linearise the absolute value form, therefore it has less computational complexity. At the following the mathematical formulation of the RSP method for the problem (7) is presented under scenario-based uncertainty.
Recalling the parameters and variables defined in problem (9), the RSP model proposed by Mulvey et al. (1995) can be addressed as follows: fy π c x θ
where the parameter is the objective function value for each scenario θ, γ is importance coefficient that decision makers attribute to the risk of decisions. Decision makers who are sensitive to the risk of their decisions, set high amounts for γ to reduce the variance of the costs as much as possible. Model (11) seeks to reduce both mean and variance of the costs while ensuring the satisfaction of all the constraints for all the defined scenarios. Note that, reducing the variance of the costs leads to an increase in total costs so there should be a reasonable trade-off between reducing the variance of the costs and the eventual increase of the costs in the objective function. As mentioned, this model is ensuring the satisfaction of all the constraints, but in some cases decision maker may seek to make a balance between the unsatisfied constraints and attributed costs of them. The following model which is also called complete RSP model is developed with the above mentioned idea:
where λ represents the degree of importance of the average scenarios to the decision makers, (1 -λ) indicates the degree of importance of the cost variances to the decision makers, ω is the penalty coefficient of the constraints violation and variable δ θ is the measurement of the violation of the constraints and degree of the non-feasibility of the model. In this model, there is two expressions for creating the balance between the model robustness and solution robustness. First expression is for measuring the solution robustness which is reducing the average costs and variance of the scenarios and second expression is for measuring the model robustness which is reducing the constraints' violation and it is actually a penalty function for the unmet demands under all scenarios.
It is obvious that for ω = 0, the variance of the costs is the minimum but it may lead to the infeasibility of the model and as the value of the ω increases the infeasibility decreases but the costs increase. Model (12) is a nonlinear programming model and given that the solution search space in nonlinear problems is usually non-convex, these problems are faced with difficulties to be solved. Because of this complexity, linearisation or even linear approximation of nonlinear problems is a very interesting research area in mathematical programming literature. Yu and Li (2000) developed a modified form of model (12) as follows:
Furthermore, in model (14) the free variable δ θ could be bounded by introducing two non-negative variables θ δ + and θ δ − . The model could be rewritten as follows:
In above model, linearisation was done by using two non-negative variables. Leung et al. (2007) extended the linear model of Mulvey et al. (1995) by introducing a slack variable namely to the following model, it is obvious that this extended model has less computational complexity than the linear model proposed by Yu and Li (2000) .
as depicted, the absolute value form can be linearised by adding one new variable. In this paper, Leung et al. (2007) 's proposed model will be used to investigate and evaluate the performance of the RSP approach. According to above descriptions, the RSP model could be developed for the considered supply chain as follows. In this model, the μ θ variable is introduced as the slack variable to linearise the model. Also, ξ θ is the representative of objective function value for each scenario and ω is the robustness coefficient of the model and by increasing the value of it the deviations from constraints are reduced. Considering the sets and parameters defined in model (10), the RSP model for the MDF SCND can be formulated as follows:
Case study equation section (next) description and results
In order to evaluate the performance of the TSSP and RSP models, we have conducted a case study of MDF boards supply chain in Iran. There are three active MDF production centres in West Azerbaijan, Isfahan and Kerman provinces and the mangers are about to determine the number and location of the distribution centres (DCs) among 10 candidate provinces to improve the responsiveness of the supply chain. MDF is an engineered wood product made by breaking down hardwood or softwood residuals into wood fibres, combining it with wax and a resin binder, and forming panels by applying high temperature and pressure (Spence, 2005) . MDF boards with different sizes are produced and used in production of doors, cabinets and other similar products. Noteworthy, the MDF boards with different sized are integrated and it is assumed that only one product is produced in the considered supply chain. In the considered supply chain, MDF boards are produced from raw materials in the plants and then they are shipped to the DCs. Each DC allocates the MDF boards to customers in different areas. These customers are the retailers of the boards or the manufacturers of the final products like doors and cabinets.
For the simplicity, all the demands in each province is considered as a point in that province. Capacity of the plants is a constant quantity and there is the possibility of shortage occurrence. The goal is to determine the location of the DCs in various provinces in order to minimise the transportation costs. The managers have identified 10 candidate provinces in the country for DCs and is about to determine the required number of DCs and their capacities to meet the demands of the customers in order to minimise the unmet demands. Due to the huge costs of the facility construction it is reasonable to face lost sale costs and backorder costs. We have considered penalty function for unmet demands in the objective function. The candidate locations specified for establishing DCs include: To tackle with this uncertainty of the problem, 20 scenarios for uncertain demand are elaborated with the equal probability of occurrence. Other parameters like transportation costs, shortage costs and opening costs of the facilities are determined according to own calculation.
Results
In this section, the proposed TSSP and RSP models for the MDF SCND are coded in GAMS optimisation software and solved by CPLEX solver. Due to space limitation the input data are not presented here and could be provided upon requests. In Table 1 , the objective function values, transportation costs and total shortage costs of the MDF SCND problem under for the two employed methods are presented. The variance coefficient is equal to two (γ = 2). It means that decision risk mitigation is two times important than reduction in the average costs. The objective function value and shortage costs of RSP model are higher than those of TSSP model. Meanwhile, transportation costs in RSP model are lower than that of TSSP model. In Figure 2 , the opened facilities via the TSSP and RSP methods are depicted. Really, when γ = 2 the facility location decisions are the same for the two models. Meanwhile, the decisions related to material flow are different. Opened DCs in the case study are the Tehran (2), Khorasan-e-Razavi (3), Semann (4), Ardebil (5), Khouzestan (8) and Yazd (10) provinces. The variance value is added to the objective function to reduce the investment risks and is excluded from the final report in the RSP model, so in Table 1 the objective function value is consisted of fixed-opening costs, transportation costs and shortage costs. The obtained results for the case study indicate that the objective function value of the RSP model is greater than TSSP model for γ = 2 and this difference is emerged because of the reduction in the decisions risks. In other words, the RSP model incur more total costs to reduce the risks resulted from uncertainty of parameters. Furthermore, model robustness decreases as the solution robustness increases and that's why the shortage costs are higher in the RSP model. In fact, the RSP model is willing to pay more on shortage cost, to decrease the investment risks and increase the model robustness.
In the next step, we use scenario realisation process to investigate the performance of the applied methods. In this regards, the first stage decisions, i.e., the determined locations of DCs achieved from TSSP and RSP models are fixed in the deterministic models and then each scenario is assumed as the inputs of the deterministic model . This process is somehow a simulation process to assess the performance of the employed methods. In this evaluation, the binary variables are acting as constraints and they can't be altered. On the contrary, material flow can update their values according to different scenarios which lead to a different objective function values. Note that binary decision variables are strategic decision variables and thus could not be changed short time. On the other hand, material flows are tactical decision variables and could be altered based on conditions of scenarios occurred in short time (Birge and Louveaux, 1997) . Figure 3 illustrates the performance of the two methods under scenarios realisation.
Standard deviations of the TSSP and RSP models under scenario realisation are achieved 96,634 and 83,083, respectively. Therefore, the solution of the RSP model under scenario realisation has more degree of robustness respect to the TSSP method's results. Also, the objective value of the RSP model is higher than that of TSSP method for each scenario. This is because that the RSP model pays more costs to achieve low risk under scenarios' realisation. Notably, standard deviation of the models could be considered as a risk criterion under scenario realisation. If higher values for risk coefficient are set for the RSP model, lower standard deviation will be achieved. Meanwhile, there is no such flexibility in TSSP model to trade-off between total costs and risk criterion. The RSP method
The TSSP method 6 Conclusions and future researches SCND problem is a strategic level decision making problem which has great impact on the successful supply chain. One the most important issues in a SCND problem is tackling the uncertainty of parameters. The TSSP and RSP methods are widely used to deal with the uncertainty of the different supply chains. In this paper, we have investigated the performance of these two methods through conducting a case study of MDF supply chain network. In this regards, firstly the deterministic model for designing MDF supply chain network is developed. Then, the TSSP and RSP methods are formulated for the MDF supply chain network under demand uncertainty. We have defined 20 scenarios to model the demand uncertainty. The scenarios' realisation process is performed to evaluate the performance of the models. According to achieved results some managerial implications could be stated as follows:
• Considering the uncertainty of parameters is critical especially in strategic optimisation problems such as SCND problem.
• The RSP method has higher degree of flexibility in tackling the uncertainty of parameters respect to the TSSP method.
• Unlike the TSSP method, the RSP method could create a trade-off between total costs and risk values resulted due to uncertain nature of parameters based on DM preferences. DM Preference is related to DM interesting to reduce costs or risk or trade-off between them according to business conditions.
• Unlike the TSSP method, the RSP method could create balance between model robustness and solution robustness according to DM preferences.
• The TSSP method could be considered as a special branch of the RSP method (γ = 0, ω = 0). Therefore, it is recommended that the researchers employ the RSP method in formulation of the scenario based uncertainty.
The proposed model has a general structure and could be implemented in various industries such as computer and copier industry. Also, the proposed model could be modified to determine the locations of plants besides the locations of distribution centres. The problem discussed in this paper presents a simple and general structure of a supply chain, and could be developed to model different supply chains. In cases that two numbers of scenarios are defined to model the uncertainty, scenario reduction methods should be employed to decrease computational complexity of the resulted models. To deal with the computational complexity of the TSSP and RSP models, efficient heuristic and meta-heuristic algorithm could be developed. Another interesting future research is applying the benders decomposition algorithm to achieve global optimum solution in large scales. Also, the performance of the RSP method could be compared respect to other optimisation methods under scenario-based uncertainty such as conditional value at risk method through investigating different case studies.
